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Abstract tions conducted on the Accelerated Strategic Computing
Initiative (ASCI) Red supercomputer at Sandia National
A large scale optimization of an electronics package hiaghoratories.
been completed using a massively parallel structural dy-Optimization problems of this complexity and com-
namics code. The optimization goals were to maximiggitational expense pose many technical challenges. For
safety margins for stress and acceleration resulting frefdod computational efficiency, the structural dynamics
transient impulse loads, while remaining within stricind optimization codes must be scalable to a large num-
mass limits. The optimization process utilized nongrgers of processors (ordéf? — 10%). For the structural
dient, gradient, and approximate optimization methodgnamics software, this entails the use of specific mathe-
in succession to modify shell thickness and foam dematical techniques (e.g., linear solvers) that exploit both
sity values within the electronics package. This comhhe structure of the finite element model and the hardware
nation of optimization methods was successful inimpro¥onfiguration of the parallel computer. For the optimiza-
ing the performance from an infeasible design which vigion software, parallel scheduling of simulations must also
lated stress allowables by a factor of two to a completedyploit the hardware configuration of the parallel com-
feasible design with positive design margins, while rguter, and the optimization methods must be robust to
maining within the mass limits. In addition, a tradeofionsmooth response values generated in the structural dy-
curve of mass versus safety margin was developed to fagimics simulation.
itate the design decision process. These studies employedver the course of this study, several optimization
the ASCI Red supercomputer and utilized multiple levelgethods were applied in an effort to improve the design
of parallelism on up to 2560 processors. In one portigf the EP. The results of this study demonstrate the util-
of this Optimization Study, a series of calculations We[g, of having a “toolbox” of Sensitivity anaiysis and op-
performed on ASCI Red in four days, where an equivemization algorithms for performing engineering design
lent calculation on a single desktop computer would haygtimization studies.
taken greater than 10 years to complete. Details of this design effort are given below, with
Sections 2-5 providing background information on the
. electronics package model, the Salinas structural dynam-
1 Introduction ics software, the DAKOTA optimization toolkit, and the
] ] i L ASCI Red supercomputer, respectively. Section 6 de-
This report describes the design optimization of an elegsiipes the formulations, methods, and results in the EP

tronics package (EP) which is one component of a re-enfjysiqn optimization problem, and Section 7 provides con-
vehicle (RV). The design study was performed using MaSuding remarks.

sively parallel, high-fidelity structural dynamics simula-
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Figure 2: Historical progression of the electronics pack-
age finite element model fidelity.

the shell thicknesses of a subset of the structural blocks,
and the density values for a subset of the foam encapsu-
lant blocks. These subsets were selected based on a modal

. . . . ensitivity analysis, with those blocks having the largest
h . .
mentfor the RV, it provided the opportunity to mcorporatf%mpact on the first 100 frequencies (greatest number of

several new components into the existing package. Hc‘}\év-

Figure 1: A CAD model of the electronics package.

ever, an important requirement was to avoid changing quency derivatives greater than a threshold) being se-
X Cted as design parameters. Stress and acceleration val-

i cteristics of the RV, so a restriction of no mo o
flight chara ues within each of the 55 blocks served as response quan-

than10% deviation from the nominal EP mass was imtities 10 be used during the obtimization Process
posed. In order to add functionality and maintain mass, 9 P P ‘

the EP design concept replaced some structure with sup-

port foam. Thus, the design problem is a challenging ope . . .

in that an EP design concept with less structural suppgrt Salinas: MaSSNely Parallel Struc-
must still survive high stresses and accelerations from se- tyral Dynamics

vere RV structural loading conditions. A solid model of

the EP design concept is shown in Figure 1. Salinas [1] is a general-purpose, finite element structural
Over time, the level of fidelity in structural dynamicglynamics code designed to be scalable on massively par-
analysis has increased significantly (Figure 2) as a resallel computers. Currently the code offers static analy-
of more advanced computers and, most recently, the avais, direct implicit transient analysis, eigenvalue analysis
ability of a massively parallel structural dynamics codésr computing modal response, and modal superposition-
In this study, the model was discretized using a finite @lased frequency response and transient response. In addi-
ement model having 500,000 degrees of freedom. Tliisn, semi-analytical derivatives of many response quan-
model captures the salient features of the EP in sufiies with respect to user-selected design parameters are
cient detail for the optimization study. However, moccalculated. Salinas also includes an extensive library
els of greater than 10 million degrees of freedom hawé standard one-, two-, and three-dimensional elements,
been used to resolve additional detail in the EP. The EPrfodal and element loading, and multi-point constraints.
nite element model was decomposed into 256 subdomadaginas solves systems of equations using an iterative,
for parallel processing. During the finite element analyaultilevel solver, which is specifically designed to exploit
sis, each subdomain was associated with a single progaassively parallel machines.
sor, and the data input/output (I/O) operations were eactgalinas uses a linear solver that was selected based on
spread to 256 separate, subdomain specific files. the criteria of robustness, accuracy, scalability and effi-
For this design study, 55 finite element blocks werency. Direct methods based on sparse Gaussian elim-
identified as the most critical. Some of these blocks wdration were considered but they appear to provide poor
structural shell elements within the EP, while others werebustness on platforms, such as ASCI Red, with fast
blocks of foam encapsulant used between and around¢benmunication, many processors, and limited per proces-
EP components. The design variables for this study wesar memory. General purpose iterative solvers, such as
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the implementation of the preconditioned conjugate grsimulation interfacing facilities which allow the use of a
dient method with over-lapping Schwartz preconditiongariety of engineering and physics simulation codes as
available in Aztec[2], were also evaluated. These meflanction evaluators within an iterative loop. DAKOTA
ods converged too slowly for the linear systems obtainethnages the complexities of its analysis and optimiza-
from the discretization of structures by high order plat®n capabilities through the use of object-oriented ab-
and shell elements. In this case, the underlying partial dstraction, class hierarchies, and polymorphism. A va-
ferential equation is the fourth order biharmonic equatioiety of optimization algorithms are available, ranging
for which special purpose iterative solvers are necessdrgm gradient-based nonlinear programming methods to
This led to the selection of a multilevel domain deconmongradient-based pattern search methods. The flexibil-
position method, Finite Element Tearing and Intercoity of the framework allows for easy incorporation of the
nect (FETI[3], that is the most successful parallel solvkatest external and internal algorithmic developments. In
known to the authors for the linear systems applicabledddition, the variety of methods and interfaces can be used
structural mechanics. FETI is a mature solver, with soras building blocks for more sophisticated studies, such as
versions used in commercial finite element packages sscirogate-based optimization, hybrid optimization, mixed
as ANSYS[4]. For plates and shells, the singularity integer nonlinear programming, and optimization under
the linear systems has been traced to the subdomain cmcertainty.
ners. To solve such linear systems, an additional coars@arallelism is an essential component of the DAKOTA
problem is automatically introduced that removes the cdramework. Particular emphasis has been given to simul-
ner point singularity. FETI is scalable in the sense th@neously exploiting parallelism at a variety of levels in
as the number of unknowns increases and the numbeoufer of achieve near-linear scaling on massively parallel
unknowns per processor remains constant, the time to somputers. For example, DAKOTA can manage concur-
lution does not increase. Further, FETI is accurate in trent optimizations, each with concurrent function evalu-
sense that the convergence rate does not deteriorate astioas, each with concurrent analyses that utilize multi-
iterates converge. Finally the computational bottleneple processors. Reference [8] provides guidance on how
in FETI, a sparse direct subdomain solve, is amenabladcselect partitioning schemes and scheduling algorithms
high performance solution methods. within these levels in order to maximize overall parallel
An eigensolver was selected for Salinas based on #feiciency and to ensure robustness with respect to vari-
same criteria; robustness, accuracy, scalability and eéibilities (e.g., simulation duration variability). A com-
ciency. Both a Lanczos-based solver[5] and subspacenin case is two levels of parallelism, in which concurrent
eration were evaluated. The Lanczos algorithm solves foaction evaluations each run on multiple processors. In
minimal number of linear systems required to approxhis study, DAKOTA employed two levels of parallelism
mate a set of modes to a given accuracy, and Lanczbg-managing up to 10 concurrent Salinas invocations,
based methods are significantly more efficient than sug&ch of which required 256 compute nodes. Through this
space iteration. Subspace iteration is a comparatively sitombination of coarse-grained and fine-grained parallel
ple algorithm that is believed to be somewhat less sengdmputing, DAKOTA was able to effectively utilize 2560
tive to linear solver accuracy than Lanczos-based meghiecessors and achieve rapid turnaround on this large-
ods. Structural models are known for which the FEBkcale design study.
solver does not converge, but in these cases the accuracy
is too low for either subspace iteration or Lanczos-basgd
methods to compute accurate modes. The PARPACS( ASCI Red SupercomPUter
Lanczos-based solver was selected because the memoge/ . i
usage is minimal, the software is reliable, and the nuf-1 Architecture Review

ber of linear systems solved per mode is nearly mink,, s optimization study, substantial compute resources
mized. PARPACKI6] is scalable and achieves BLASG (e required. Within Sandia National Laboratories, one
performance. of the primary production computing platforms is the
ASCI Red supercomputer [9, 10]. ASCI Red is a mas-
. ; sively parallel, message-passing, multiple input multiple
4 DAKOTA: Multilevel Parallel Op_ data (MIMD) computer. It achieves multiple TeraFLOPS
timization (trillion floating point operations per second) peak perfor-
mance. It is designed so that file I/O, memory, disk ca-
The DAKOTA toolkit [7] is a software framework for sys-pacity, and communication are scalable. Standard parallel
tems analysis, encompassing optimization, parameterg®gramming libraries, such as the Message Passing Inter-
timation, uncertainty quantification, design of computéace (MPI) [11] make it relatively simple to port parallel
experiments, and sensitivity analysis. It provides geneapplications to this system.
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) . f pre- and post-processing tools (e.g., mesh generation,
Table 1: Hardware and performance characteristics of tg'c?ﬁwin decomposition and reconstitution).
ASCI Red supercomputer.

These two interfacing approaches have additional dis-

Service Nodes 16 N . .

Compute Nodes 7640 tinctions when applied on massively parallel computers
which employ a service/compute node distinction. In par-

Total Processors 9536 ploy P P

ticular, the system call approach involves the execution of
DAKOTA on the service nodes where it creates concurrent
simulation driver processes on the service nodes. Each of

System RAM (TeraBytes) 1.21
Compute Node Peak Performantce666

(MegaFLOPS) these simulation drivers then launches a parallel simula-
System Peak Performance | 3.15 tion into the compute node partition. DAKOTA must then
(TeraFLOPS) continuously monitor for the completion of these simula-

tions, again utilizing service node compute resources. The
, direct approach, on the other hand, involves the execution
The processors in the ASCI Red supercomputer are gz combined executable on the compute nodes only. The
ganized into four partitions: compute, service, systefyanagement of concurrent multiprocessor simulations is
and /0. Of these, the service partition provides an intarformed internally using MPI communicators. Clearly,
grated, scalable host that supports interactive users, gp- system call approach places far greater demands on
plication development, and system administration. Thi$s service partition than the direct approach.
partition runs a full UNIX operating system. The paral- ¢ s study, the UNIX system call interface method
lel applications execute in the compute partition, whigh, < | ,sed which allowed the use of a separate, unmodi-
contains ’?°de$ optimized for flogting point pgrform_gnrﬁ%d Salinas executable. In this case, DAKOTA was run
and for high bandwidth communication. This partitioR, yhe service node partition where it coordinated con-
executes the Cougar operating system [12] which iScgant Salinas jobs in the compute partition. This is
lightweight kernel intended t.o Igave as much node me spicted in Figure 3. Not shown in this figure are the
ory as possible for the application. Each compute Nogg, 4ng post-processing steps needed to communicate be-
consists of tvyo 333 MHz Intel Pentium-Il Xeon Corg,een pAKOTA and Salinas. Values of the design vari-
processors with 256 Mbytes of random access memagye were written by DAKOTA to a file and then incorpo-
(RAM). In this stu@y, only one processor per node Wadted into the Salinas input file using a Sandia-developed
used for compu.tatlon while the other processor was u§ﬁg parsing program. The output of Salinas was post-
fqr, communication, although a new "virtual node” capa;,cessed to provide the mass and safety margin data val-
bility allows the use of both node processors for compu ss needed for the optimization methods in DAKOTA.

tion. The system hardware and performance attributes Qfjje the results from each simulation could be gathered

ASCI Red are summarized in Table 1. into a single file for post-processing, it was more expedi-
ent to evaluate safety margins across separate subdomain
5.2 Salinas/DAKOTA Implementation on databgses. This entire cygle was automated using a sin-
ASCI Red gle driver script that was invoked by DAKOTA. While
DAKOTA was executed on a single service node and each

DAKOTA can be interfaced with simulation codes in £f the system calls to concurrent Salinas drivers were initi-
variety of ways depending on the level of intrusivene§éed from this single service node, a resident load spread-
one is willing to support, on the desired performance, afft§) Utility would relocate Salinas monitoring processes
on the underlying compute architecture. The simplest g500ng the entire service partition.

proach is the UNIX “system call” method. This is the

Iea_st intrusive methgd i_n that th.e simulation can bg gssqg Computational Issues

as is, with no modifications. It is also the least efficient

method in that it incurs the overhead of creating separ@gptimization studies using nonintrusive interfacing ap-
processes for the simulations. In practice, this overhgadaches impose different loads on supercomputers in
is usually small relative to the expense of the simulatiormparison to single parallel executables. In particular,
The most computationally efficient interface technique msultiple concurrent jobs put much higher load on the ser-
the “direct” method in which the simulation code (e.gvice nodes than single jobs. The service nodes on ASCI
Salinas) is linked into DAKOTA as a callable functionRed were designed to manage basic coordination tasks
While this direct interface is efficient, it is intrusive to thend not significant floating point operations or heavy 1/10
simulation code since the code must be transformed tdemands. Although the individual processors are capa-
subroutine and, in the parallel case, made modular onkd@ of computations, there are simply not enough service
MPI communicator. In addition, it complicates the usgodes to sustain significant activities. In the case of this
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Figure 3: A depiction of the DAKOTA/Salinas implementation on ASCI Red.

design study, the service nodes were responsible for ménl  Phase 1: Nongradient and Gradient-
aging the optimization process (running the optimizerand  Based Optimization

querying for job completion) as well as concurrent simu- ) )

lation driver processes and multiprocessor simulation ifi-1-1 ~ Coordinate Pattern Search Algorithm

tiation processes. At certain points during the studiefye jnitial optimization strategy for the EP redesign was
Sallna_s Jc_)bs would han_g on initiation. In the worst gfy maximize the minimum safety margin (SM), subject
these incidents, a service node became overloaded gngynsiraints on the EP mass. Four shell thickness pa-
crashed, which necessitated a full reboot of the machingmeters and one foam density parameter used in the EP

It appears as though the observed reliability problemgdel were selected as design variables for this optimiza-
stemmed not directly from the total amount of work b&jon case. These five parameters were the most sensitive
ing performed, but rather the closely synchronized natuggsed on the results of a modal sensitivity study.

of concurrent simulation invocation. In this study, it was The phase 1 optimization problem was formulated in
found that staggering the Salinas job initiations by a feyak OTA as follows:

seconds allowed the load spreading utility sufficient time

tq spread the Sgllnas monltpr!ng processes among the ser- subject to 0.9Myom < M < 1.1M,y. 1)

vice nodes, which resulted in improved reliability. A con-

tinuing effort is focusing on improving the robustness of (@n)rp < 2 < (@n)us,

the service nodes during optimization procedures. ~ where SM,,;, is the minimum over all safety margin
values, M is the mass of the ER(,,,,, is the nominal
mass of the EP, and, is the vector of design variables

6 Optimization Results with lower and upper bounds:,,).s and (z,.)us, re-
spectively, forn = 1,...,5. The safety margin values

The overall objective of this optimization study was t#ere computed for the EP internal components based on

modify the electronics package so that the new design ither a stress allowable value or an acceleration allowable

isfied safety margin requirements and remained withirvalue. The safety margins based on stress values were

strict mass budget. Four different optimization algorithng®mputed as

and two different optimization problem formulations were of

applied to this EP design problem. SMi = — —1,fori=1,...,42, )

0

maximize SMin
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wherec? is the allowable stress angd is the computed
maximum stress in th&” block. Similarly, the safety
margins on acceleration values were computed as:

Table 2: The sequence of optimization results for the elec-
tronics package.
Design Mass | Violations | Worst SM

(kg)
a
SM; = g—? —1,fori=43,...,55, 3) Nominal | 11.143 8 -0.4797
gi CPS 11.747| 4 -0.2141
whereg® is the allowable acceleration level, aggdis the NPS;'ESQP 11.739 4 -0.05867
computed maximum acceleration level in #eblock. DOT-MMED

In these SM definitions (Equations 2 and 3), the frac-—/grified 11.997 0 +0.06031
tional term is called the safety factor. Hesg, is the yield Approx. Opt.
stress for the particular material block ag¢l was fixed
at a constant value for all relevant material blocks. The

nominal EP design hallM,,;, = —0.48, which can be mization problem was

interpreted as some part of the EP being exposed to twice

the allowable stress/acceleration and obviously prone t0 minimize M

failure. subject to  SM; < SMygrget,fori=1,...,55,
Since this Phase 1 optimization formulation was ex- (xn)rB < 20 < (z0)Us,

pected to be nonsmooth due to switching among various (4)

components with the lowest safety margin, a nongradieWo€reSMiarger = 0, andn =1, ..., 9. This formulation

based method was selected for the initial optimization gfduces nonsmoothness by eliminating the possibility of
the EP. This method was the coordinate pattern seaf¥ftching between the minimum margin function, as it al-
method (CPS) [13] contained in the Stochastic Global OlgWs the optimizer to track each margin function indepen-

timization (SGOPT) [14] software package (SGOPT fently in the constraints. This does not totally eliminate
linked into the DAKOTA toolkit). all sources of nonsmoothness, however, since switching
A single Salinas function evaluation required approxip space and time of the critical response within the finite
mately 40 minutes on 256 processors of ASCI Red LJeslg—:-ment block covered by a single margin function is still
ing the two-level parallel capabilities in DAKOTA, 10 in_po_ls_ﬁble. tial drati ina (SOP thod
stances of Salinas were executed concurrently. This cam- € sequential quadratic programming (SQP) metho
o . .In NPSOL [15] was configured to run with parallel cen-
pleted a full optimization cycle of the CPS algorithm |rt1raI finite differencing. Fom — 9 variables. this gives
one pass since CPS requiras function evaluations on 9. — ' g

each cycle (i.e., 10 Salinas jobs performed concurren \}\(/);ﬁl 1%f?:7;nT:Jrr:ntlga(il?nn;su;;eenél:zgrfg(())rr]1 eAVSalculaé'ggst'he
for n = 5). The CPS method was able to improve th '

minimum safety margin from the nominal value of -0'4ag|£e0ttc))siri]oit)jvzeth?mﬁf:?rﬁdn:ns;\?g pisasre?r.l flr\loF;gglf was
to -0.21 with a mass increase 6%, using a total of b y 9 :

171 function evaluations (Table 2). The pattern seargﬁe best CPS results) te0.15 and reduce the total mass

: . .10 4.4% over nominal, using a total of 133 function eval-
made good progress until three separate margin funct|<5cr)1 '
9 brog P g uations. Unfortunately, NPSOL was not able to run more

were active at the current optimum. This occurrence at i a few cvcles before one of the Salinas iobs huna. This
versely affected the convergence rate of the pattern searth Y J 9.

: e . . coincided with the expiration of the special allotment of
method, as it was difficult to generate a step which 5|ml.P- . .
taneously improved all three safety margins from the fini 560 ASCI Red processors that had been dedicated to this

set of coordinate search directions. s?udy.

6.1.3 DOT-MMFD Algorithm

6.1.2 NPSOL-SQP Algorithm The optimization process was continued using 256 ASCI
Red processors. However, the decision was made to
At this stage of the optimization, it was clear that olswitch from NPSOL's SQP algorithm to DOT’s Modi-
taining a feasible design would be difficult with the CPfied Method of Feasible Directions (MMFD) [16] algo-
algorithm. Consequently, the problem formulation waghm. The reasoning for this switch was that the DOT-
changed to one that would be more amenable to gradigvitMFD algorithm is designed to find a feasible point, even
based methods. In addition, more design freedom waighe expense of increasing the objective function value.
added by introducing four new design parameters into thnecontrast, the NPSOL-SQP algorithm is an infeasible
optimization problem. This new formulation of the optimethod that only satisfies the constraints at convergence.
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Figure 4: A comparison of safety margin levels in the original (left) and optimized electronics package models. The
brighter colors indicate lower safety margins.

In addition, NPSOL'’s gradient-based line search (in useequired in excess of 10 years to complete.
supplied gradient mode) is ill-suited for cases that use fi-pgditional information became available which moti-
nite differencing without concurrency in function evaluayated the next phase of this study. Some Salinas data from
tions. earlier parameter study runs was fully post-processed, and
Starting from the NPSOL-SQP best design point, theyas discovered that a subset of the safety margin func-
DOT-MMFD algorithm improved the worst safety margifions exhibited considerable nonsmoothness (Figures 5, 6,
value fromSM = —0.15to SM = —0.059, although and 7). One of these nonsmooth functions was active at
it did not find a feasible design point. This DOT-MMFQthe DOT-MMFD solution and was preventing any further
algorithm used 96 Salinas function evaluations beforepiogress. Thus, the decision was made to switch to an ap-
was terminated. proximate optimization strategy that used surrogate mod-
Table 2 shows the progression of the optimization rets to smooth the noisy safety margin constraint functions.
sults for this study. The CPS algorithm and the two NLP
algorithms (NPSOL-SQP and DOT-MMFD) combined to
move the infeasible nominal EP design to an improved in- o ) .
feasible design. The worst case safety margin violati6a2 Phase 2: Optimization using Approxi-
had been reduced by about a factor of 10, at a cost of a mate Models
5.3% increase in the mass of the EP. Figure 4 compares
SM contours at a selected time step which highlights tliée approximate optimization (AO) strategy used in this
largest contrast between the nominal and best Phase 1gtigdy is a simplified version of the sequential approximate
signs. optimization strategy described in [17]. This AO strat-
At this point in the study, DAKOTA had controlled upegy is divided into the following steps: (1) move limit
to 10 concurrent Salinas jobs, each of which used 256 p¢(beunds) selection, (2) data sampling, (3) surface fitting to
cessors. This use of up to 2560 processors was succegsfudiuce surrogate models, (4) optimization using the sur-
in compressing the duration of Phase 1 to four days. Wittegate models, and (5) validation of the optima predicted
out the use of parallel computing, equivalent calculatiois Step (4). The steps of the AO strategy are described
using serial optimization and serial simulation would haveelow.
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Figure 7: Nonsmooth variations for constraint 56.

6.2.1 Move Limits

The best set of design variables found using DOT-MMFD
served as the starting design for the approximate opti-
mization phase. An analysis of the previous optimization
data showed that two of the variables did not strongly in-
teract with the optimizer. Thus, these two variables were
converted to constants, each having the optimal value ob-
tained from the DOT-MMFD results. The upper and lower
bounds on each of the remaining seven variables were re-
duced to between8% and43% of the original bounds
based on engineering judgment and the desire to balance
the needs of sufficient design freedom and sufficient sam-
pling density. For the remainder of this report, these re-
duced bounds are referred to as theve limitsof the ap-
proximate optimization.

6.2.2 Latin Hypercube Sampling

Next, the Latin hypercube sampling (LHS) method [18]
provided by the DDACE package [19] within DAKOTA
was used to generate 200 independent sample locations
within the move limits. The 200 samples created by the
LHS method correspond to unique EP designs. Salinas
was used to evaluate as many of these EP designs as pos-
sible using the remainder of the computational budget de-
voted to this project. This Salinas/DAKOTA calculation
again used two-level parallel computing, with four con-
current Salinas jobs, each of which used 256 processors
(1024 total processors).

Unfortunately, only 104 of the LHS design points were
evaluated during the allocated ASCI Red computer time.
While the 104 samples did not compromise a true LHS
data set, there were a sufficient number of samples for use
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in the approximate optimization phase of this study. O
check of the LHS data set involved a preliminary statis 1241

cal analysis to assess the distribution of the 104 sam. | Mass Upper Limit
in the design space. This analysis did not indicate any ¢ 1ok
relation or bias among the samples that would have r¢ |
dered the Latin hypercube samples unusable. Also, the
of 104 samples was sufficient to overfit a 7-dimensior g 120
quadratic polynomial (having 36 terms) by almost a fact ¢ i
of three. ltis a good rule of thumb to overfit polynomie & ner y DOTMMED
models whenever possible. r A Kriging
11.6 v ANN
> MARS

6.2.3 Surrogate Model Construction "y I O QuadPoly

. o e by 1l
The version of DAKOTA used in this study employed foL -0.05 000 005 010 015 020
surrogate modeling techniques. These were: (1) krigi Safety Margin

spatial interpolation [20, 21]; (2) quadratic polynomie
regression (QuadPoly) [22]; (3) multivariate adaptive re-
gression splines (MARS) [23]; and (4) stochastic layergggyre 8: Mass vs. safety margin tradeoff curves gener-

perceptron artificial neural networks (ANN) [24] ated using various surrogate model types.
The kriging, MARS, and ANN methods do not assume

a particular trend in the data. That is, these three surro-

gate modeling methods can capture arbitrary variationdions (even though each function is unimodal, their inter-
a given data set. In contrast, the quadratic polynomial igections can produce multiple constrained minima). The
gression assumes that the data trends can be modeledbagnd constraints for these gradient-based optimizations
ing second-order functions. Thus, while all of these surere identical to the move limit bounds used in the sur-
rogate models provide a smooth functional form that iggate model construction. NexM..gc¢ Was increased
amenable to gradient-based optimization, the QuadPtshy0.0 and the optimization was performed again. This
surrogate models enforce additional smoothing by natwequence was continued wiiM;,,ge¢ Values 0f0.05,

of the assumed quadratic form. 0.10, and0.15. This was done to generate the mass versus
safety margin tradeoff plot shown in Figure 8.

A similar sequence of approximate optimizations was
performed for each of the other three surrogate model
Post-processing on each of the 104 Salinas jobs yieldgges: kriging, MARS, and ANN. In cases where the
a set of mass and safety margin data. This data wasSafety margin targets were not met, the target was reduced
put into DAKOTA in order to build 56 separate surrogat® an iterative fashion until a final maximized safety mar-
models which define the functional relationships betwegi for the surrogate model was achieved. The EP mass
the objective and constraint functions (mass and 55 safe@jsus safety margin tradeoff curves for these surrogate
margins) and the seven EP design parameters. These ®@dels types also are shown in Figure 8.
rogate models were then used in the optimization problemTl'here are several interesting items to note about the
in place of the Salinas simulations. In this case, multipieends in Figure 8. First, the ANN curve does not follow
optimizations could be performed using the surrogateda same trends as the other three methods. This prompted
very low cost. The drawback is that the surrogate mo@r examination of the ANN algorithm in DAKOTA, and
els can be inaccurate, particularly if the optimizer pushatiempts to further test the ANN algorithm are currently
the EP design near the move limit boundaries, where tiederway. Second, the kriging and ANN tradeoff curves
surrogate models begin to extrapolate the data trends. show a kink that results in an increased slope in mass ver-

The first surrogate model type used in this study w&¥s SM. This behavior was traced to the optimizer bump-
quadratic polynomial regression. That is, the problem dé&g up against one or more of the move limit bounds.
fined in Equation 4 was solved using QuadPoly surrogate
model;for mass.ar?d e_ach of 55 constraints. For thg iNigab 5 \slidation of Approximate Optima
approximate optimization case, the valueSdfl¢,.get in
Equation 4 was set te-0.05. Since these surrogate modThe final step in the entire optimization process was to
els allow for very inexpensive evaluations, several Moniten Salinas validation analyses for the EP designs iden-
Carlo sampling studies were performed in order to idetified in the Phase 2 approximate optimization. The best
tify good starting points for the gradient-based optimizagreement between a predicted EP optimum and its corre-

6.2.4 Optimization with Surrogate Models
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sponding Salinas validation data occurred for one of ogemonstrates the effectiveness of massively parallel com-
tima obtained using the kriging surrogate models. In thpsiting in reducing the time to solve an actual engineer-
case, the actual mass was predicted very accurately (actugidesign problem. During one portion of the EP design
and predicted both 11.997 kg), and the actual worst cagetimization process, a series of studies employed up to
safety margin value was +0.060 (predicted to be +0.078R60 processors in a combination of coarse-grained and
The mass and worst case safety margin data for this véilre-grained parallel processing. These studies were com-
dated EP design are listed in Table 2. pleted in four days, where equivalent calculations on a

However, not all of the approximate optima were isingle desktop computer would require in excess of 10
such good agreement with the Salinas validation data.years. Clearly, the redesign of the EP, using a 500,000
some cases the approximate optima had predicted a pdsgree-of-freedom finite element model, could not have
tive worst case safety margin, whereas the Salinas valitt@en accomplished without the use of massively parallel
tion analysis yielded a negative worst case safety marginmputing.

This occurrence underscores the need for validation analWhile certain aspects of current-generation custom su-
yses whenever any type of ad hoc approximate optimizsercomputers do not yet lend themselves to routine stud-
tion algorithm is employed. ies of this type, several directions for improvement have

One possible explanation for the successful results dtgen identified. It is expected that advances in optimiza-
tained with the kriging surrogate models stems from titi@n and supporting parallel software will be successful in
different manner in which kriging extrapolates data a8aking high-fidelity studies of this type a standard com-
compared to the other surrogate model types. That is, finent of modeling and simulation activities in the De-
kriging model decays to the mean of the data values wheartment of Energy complex.
used to extrapolate far away from the sample sites. In
contrast, the other three surrogate model types extrapolate
using the slope of the data, i.e., trends that usually go'T ferences
=+ infinity far away from the sample sites. See Reference
[21] for more information on the extrapolation trends in
kriging versus polynomial regression.

Had sufficient computational resources been available,
this process would have been continued using a traditional
trust-region sequential approximate optimization strategy
[17] with additional rounds of sampling, fitting, optimiz-
ing, and validating. This would mitigate the validation er-
rors o_bse_rved prev_iously when only a single approximat@] Tuminaro, R.S., Heroux, M., Hutchison, S.A., and
optimization cycle is performed. Shadid, J.N., “Official Aztec User's Guide: Version

2.1, Sandia Technical Report SAND99-8801J, San-
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